Abstract This paper explores the use of a multivariate statistics approach to monitor and diagnose the performance of a steam heated drying process. The A modem paper machine is a complex non-linear process comprised of a large number of unit operations The interactive and non-linear nature of the these, combined with a large number of unmeasurable process variables make efficient operation of the paper making process a non-trivial task. Traditionally, 'optimal' operation of the paper making process has, therefore, relied more on the operator's knowledge and experience of the process behaviour and suitable operating conditions than on conventional control algorithms. However, increased, competition between paper mills and, progressively stricter environmental regulations have had the result that modern paper machines are constantly evolving and improving, with frequent changes to the process behaviour as a result. To retain operational efficiency under these conditions, operators must quickly adapt to the changing behaviour of the process. On-line tools for monitoring and diagnosis of the process variables are essential to achieve this objective This paper explores the use of a multivariate statistics approach to monitor the performance of the drier part of the paper making process. The drier is, due to lack of suitable measurements, normally operated in an open loop manner with very little knowledge about its intemal states. This is unfortunate since efficient operation of the drier generally equates to large energy savings and, thereby, lower production costs The objective in this paper is to model the moisture content of the paper as it travels along the drier. If such a measurement can be reliably estimated, it will not only solve common operational problems, such as over-heating and, under-heating of the paper sheet, but also potentially allow for energy minimization.
I INTRODUCTION
A modem paper machine is a complex non-linear process comprised of a large number of unit operations The interactive and non-linear nature of the these, combined with a large number of unmeasurable process variables make efficient operation of the paper making process a non-trivial task. Traditionally, ' optimal' operation of the paper making process has, therefore, relied more on the operator's knowledge and experience of the process behaviour and suitable operating conditions than on conventional control algorithms. However, increased, competition between paper mills and, progressively stricter environmental regulations have had the result that modern paper machines are constantly evolving and improving, with frequent changes to the process behaviour as a result. To retain operational efficiency under these conditions, operators must quickly adapt to the changing behaviour of the process. On-line tools for monitoring and diagnosis of the process variables are essential to achieve this objective This paper explores the use of a multivariate statistics approach to monitor the performance of the drier part of the paper making process. The drier is, due to lack of suitable measurements, normally operated in an open loop manner with very little knowledge about its intemal states. This is unfortunate since efficient operation of the drier generally equates to large energy savings and, thereby, lower production costs The objective in this paper is to model the moisture content of the paper as it travels along the drier. If such a measurement can be reliably estimated, it will not only solve common operational problems, such as over-heating and, under-heating of the paper sheet, but also potentially allow for energy minimization.
Multivariate [1] , fault detection and diagnosis [2] , [3] , soft-sensors [4] and advanced control [5] , [6] . [7] . PCA is associated with capturing the underlying trends in large multivariate systems and is therefore suited to detecting and identifying process faults, whereas PLS is more suited to modelling the relationship between inde pendent and dependent process variables (i.e. input-output), providing inferential models or soft sensors that can be used for prediction of quality variables and process monitoring
As MSPC has become increasingly prevalent in the process industries so the requirements for more robust efficient and practical formulations of the core algorithms have been sought. For example, given that all processes are nonlinear to some degree, then non-linear derivations of MSPC methods have been proposed, generally incorporating theory from Neural Networks [8] .
Perhaps the most important advance in MSPC in recent years has come with the development of on-line, real-time applications methods handling changes in the intrinsically dynamic data structure of the process plant. Adaptive or Dynamic PCA, for example, has been applied, both to theoretical plant simulations [9] and real world processes [10] .
PLS is widely used in the chemical industry, especially in association with spectroscopic techniques for prediction of chemical reaction parameters, circumventing the need for costly prolonged and repetitive laboratory analysis as well as utilising the benefits of the non-destructive spectroscopy.
In the near future, MSPC research is likely to become increasingly more focused on its integration with actual automatic control and, plant supervision. This is especially pertinent when it is considered that most high-end processes rely heavily on large numbers of automatic controllers and their associated control loops. From simple on/off control to advanced Model Predictive Control (MPC), the potential for MSPC to enhance the supervision (control and monitoring) of industrial processes is now being realised. For example, [6] proposed using the MPC framework and, the score space II. PROCESS DESCRIPTION The production of paper normally starts with a pulp suspension consisting of water, chemicals and cellulose fibres.
The pulp suspension is fed to the paper machine, which forms a wet fibre web. Subsequently, by subjecting the wet fibre web to different dewatering processes the paper machine progressively decreases the water content of the fibre web to ultimately obtain a dry sheet of paper.
The wet fibre web is formed by dispersing the pulp suspension onto a moving nylon mat, which acts as a forming table. The nylon mat is perforated and, by using vacuum suction boxes mounted beneath the nylon mat water can be drained from the fibre web as it moves along the paper machine. The target paper machine, which is shown in Fig. 1 , employs five forming zones which are fed by five separate pulp feeds. This particular paper machine is used for the production of liquid packaging board products (end uses for this paper product include juice and milk containers), which is a five-layer composite paper product.
The [14] .
Winding of the paper product -_---There exists two derivations of the standard PLS algorithm Nonlinear Iterative Partial Least Squares (NIPALS) [15] , and the speedier SIMPLS algorithm [16] . The PLS algorithm (SIMPLS method) can be summarised as follows [16] Fig. 4 , where NOC is the Normal Operating Condition. As can be seen, the model performs well when no fault is present, but its predictive ability deteriorates to a degree dependent on the severity of the fault (i.e. poor performance with fault 1). The scores plot shown in Fig. 5 displays the predicted model scores on the first latent variable versus the second latent variable for each operating condition, with the 95-Oo ile confidence limit ellipse. The NOC scores are entirely within the confidence limit on the first LV, whereas the fault scores drift outside the limit. H[owever, some scores for all conditions fall outside of the limit on the second LV. This suggests that LV 1 describes scores related to faults, whereas LV 2 is related to model prediction errors. These prediction errors are associated with variations due to step changes in the model occurring at approximately 10, 1O and 190 minutes. Improved model robustness is required to account for these step changes.
The model was investigated to determine whether it was capable of providing further information about the faults. The second, observation relates to the differences in the statistics between NOC and the two faults. The T2 statistic for Fault is uniformly above its confidence limit, for Fault 2 sporadically and for the NOC only during the step changes It should also be noted that the PCR model gives lower T2 values, which make it harder to distinguish whether there is a true fault, especially in the case of Fault 1. It appears that the PCR model is more robust to particular phenomenon in the process data. Further work is suggested to explore the role of these models in fault detection and to find, methods of diagnosing particular faults by looking at the variable contributions to the monitoring statistics, especially with regard to improving the robustness of these statistics.
The standard prediction errors for model predictions during normal operating conditions are shown in Fig. 8 . This figure essentially describes the accuracy, by which the model can predict the MD moisture profile at particular time instants and particular positions along the drier. As shown, the prediction errors are overall small (natural variation of the process is in reality in the order of ±0.01), and without structure suggesting high accuracy over a relatively wide range of operating conditions. Exceptions from this occurs 
